Abstract: Chickpea (Cicer arietinum L.) is the world's second most important pulse crop after common bean. Chickpea has historically been an important daily staple in the diet of millions of people, especially in the developing countries. Current chickpea breeding programs have mainly been directed toward high yield, biotic and abiotic stress resilience that has increased global production, but less attention has been directed toward improving micronutrient concentrations in seeds. In an effort to develop micronutrient-dense chickpea lines, a study to examine the variability and to identify SNP alleles associated with seed iron and zinc concentrations was conducted using 94 diverse accessions of chickpea. The results indicated that there is substantial variability present in chickpea germplasm for seed iron and zinc concentrations. In the current set of germplasm, zinc is negatively correlated with grain yield across all locations and years; whereas the negative correlation between iron and grain yield was only significant at the Elrose locality. Eight SNP loci associated with iron and (or) zinc concentrations in chickpea seeds were identified. One SNP located on chromosome 1 (chr1) is associated with both iron and zinc concentrations. On chr4, three SNPs associated with zinc concentration and two SNPs for iron concentration were identified. Two additional SNP loci, one on chr6 and the other on chr7, were also found to be associated with iron and zinc concentrations, respectively. The results show potential opportunity for molecular breeding for improvement of seed iron and zinc concentrations in chickpea.
Introduction
Chickpea (Cicer arietinum L.) is an important pulse crop widely used for food and fodder throughout the world. The world's chickpea production in 2012 was over 11.5 million t. Among all pulse crops, the world's chickpea consumption is second only to dry beans (FAOSTAT 2012) . Chickpea has an average of 3.0-14.3 mg of iron, 2.2-20 mg of zinc, and 334-446 Kcal per 100 g edible portion (Petterson et al. 1997; Wood and Grusak 2006; Ray et al. 2014 ). These facts have made chickpea a potential staple food to help reduce iron and zinc deficiencies in humans globally. Global malnutrition for iron, zinc, folic acid, and ␤-carotene is most prevalent in Asian, African, and Latin American countries, affecting more than 2 billion people (Darnton-Hill et al. 2006) . Attempts have been made to address this hidden hunger by diet supplementation, food diversification, or biofortification. Micronutrient-rich staple food has a potential to address micronutrient deficiencies and provide a sustainable solution to global health issues (Welch 2002) . Chickpea is considered an excellent whole food and as a source of dietary proteins, carbohydrates, micronutrients, and vitamins (Jukanti et al. 2012) .
Improvement of seed quality, disease resistance, and other morpho-phenological traits is among the major objectives of chickpea breeding. To date, knowledge of the genetic bases for many important traits in chickpea relied on linkage and quantitative trait locus (QTL) analysis using segregating populations derived from either intraspecific or interspecific crosses. The latter allowed more markers to be placed on the map (Winter et al. 2000; Tekeoglu et al. 2002; Collard et al. 2003) . Examples of traits subjected to QTL analyses in chickpea included resistance to ascochyta blight (Flandez-Galvez et al. 2003; Cho et al. 2004; Taran et al. 2007 Taran et al. , 2013 Anbessa et al. 2009 ), yield components (Gowda et al. 2011) , earliness (Lichtenzveig et al. 2006; Jamalabadi et al. 2013; Hamwieh et al. 2013) , double podding (Gaur et al. 2011; Taran et al. 2013) , and drought tolerance (Hamwieh et al. 2013) . Although these QTL studies have contributed substantially to our understanding of the genetic bases controlling those important traits, they have few limitations. First, there is a need to grow two generations or more before analysis is possible. Second, very large segregating populations are required to achieve high resolution mapping. Third, the identified markers are often cross or pedigree specific. Finally, only two alleles at any particular locus can be assessed (Flint-Garcia et al. 2003) . Consequently, these QTLs may represent only portions of the genetic variability underlying these key traits. In contrast, association analysis based on linkage disequilibrium (LD) involves genome-wide genotyping of a core set of germplasm and (or) breeding populations with contrasting phenotypes from a range of different environments, which has great potential for resolving which individual genes may be responsible for the expression of a target trait (Kraakman et al. 2004 ). Association mapping has the power to evaluate and characterize a wide range of alleles simultaneously in arabidopsis (Zhao et al. 2007 ) as well as in complex polyploid crop genomes such as wheat (Breseghello and Sorrells 2006) . Only polymorphisms with extremely tight linkage to a locus that causes phenotypic variation are likely to be significantly associated with the trait in a large germplasm collection. These polymorphisms when utilized as markers will better predict allelic effects on the trait variations and have the potential to efficiently pyramid favourable alleles in diverse genetic backgrounds. Chickpea, which is a highly selfing diploid species, is ideal for association mapping. Large collections of naturally inbred accessions exist, which can be genotyped once and phenotyped repeatedly for the same phenotype across diverse environments to reduce environmental noise or for different phenotypes and thus allowing "in silico mapping" (Grupe et al. 2001) . Furthermore, the selfing or inbreeding process results in patterns of polymorphism characterized by extensive haplotype structure, which should be well suited for association mapping (Nordborg 2000) . In addition, in chickpea, for which draft genome assemblies are available (Jain et al. 2013; Varshney et al. 2013) , genomewide association mapping can be facilitated by the identification of single nucleotide polymorphism (SNP) markers with known physical locations in the genome, which can lead to the discovery of genes controlling the traits under investigation. This will eventually augment conventional plant breeding through efficient selection of progeny with desirable combinations of alleles at multiple loci controlling the traits of interest.
The genetic study of complex intrinsic quality remains a major task in chickpea. The genome-wide association analysis approach offers a potential to pinpoint the genic factors associated with iron and zinc concentrations in chickpea seeds. An association study in rice reported by Norton et al. (2014) led to the identification of a large number of loci significantly associated with variation in grain arsenic, copper, molybdenum, and zinc concentrations. Several of the loci co-localized with previously identified loci through bi-parental QTL mapping across years and environmental conditions.
To date there is no information on the genetic basis for variability in iron and zinc concentrations in chickpea seeds. Furthermore, only limited information on population structure and its effect on diversity and LD are available for chickpea (Kujur et al. 2013) . Genome-wide association analysis in chickpea will allow us to estimate population structure and LD, connecting the variation in the genome with the phenotypes of the plants.
We have assembled a set of diverse chickpea genotypes, consisting of landraces, elite cultivars, and advanced breeding lines from the Crop Development Centre of the University of Saskatchewan, Canada, suited for association mapping (supplementary data, Table S1) 1 . Together with the availability of genome-wide genetic markers, we expect to identify genomic regions associated with iron and zinc concentrations in the seeds of chickpea. The objectives of this study were (i) to assess the degree of genetic diversity of the landraces, elite cultivars, and advanced breeding lines, and (ii) to examine marker-trait association for iron and zinc concentrations in chickpea seeds. The data acquired from this study will encourage the effective use of genetic resources and open the possibility for development of a molecular breeding strategy for increasing iron and zinc levels in chickpea cultivars.
Materials and methods

Genotyping
A set of 94 diverse C. arietinum accessions was assembled: 23 of which were desi type chickpea and the remaining 71 accessions were kabuli type chickpea. Field experiments were conducted at two locations: Elrose and Moose Jaw, in the Province of Saskatchewan, Canada, during the 2011 and 2012 growing seasons. Elrose (51°17=N, 107°58=W) and Moose Jaw (50°11=N, 106°0= W) have Brown Chernozemic soils with 2.5%-3.5% organic matter content. Trials were planted on wheat stubble in all site years.
Fifty seeds of each accession were planted in four rows in a 1.0 m × 1.0 m microplot with 0.25 m between rows. A randomized complete block design with three replications was used in each location and year. Tissue samples were collected from four randomly selected plants of each genotype from the plots of the first replication at Elrose in 2011 then freeze dried overnight and stored at 4°C. Fine powder was obtained by grinding the freezedried tissue using a mixer-mill. DNA was isolated using a modified CTAB method (Doyle and Doyle, 1990) . Isolated DNA was quantified using a fluorometric method. Illumina GoldenGate assays using the Ca1536 OPA described in Deokar et al. (2014) were performed as per manufacturer's protocol. Briefly, 5 L of 50 ng/L purified genomic DNA was dissolved in 10 mmol/L Tris-HCL pH 8.0, and 1 mmol/L EDTA was used to make a single use solution. DNA was hybridized overnight with the chickpea Ca1536 OPAs and arrays were scanned using a HiSeq Scanner (Illumina Inc., 1 Supplementary data are available with the article through the journal Web site at http://nrcresearchpress.com/doi/suppl/10.1139/gen-2014-0108). San Diego, Calif.). The resulting data were clustered for allele calling using GenomeStudio software version 2010.3 (Illumina Inc., San Diego, Calif.). Allele calls were visually inspected for errors in automatic allele calling and corrected where deemed necessary. Any calls that were not clearly one allele or the other were reported as missing data to avoid errors.
For the association mapping studies, we included only SNPs that had been genotyped in at least 70% of the accessions and had a minor allele frequency (MAF) ≥ 5%. The SNP data were used to estimate the levels of genetic diversity based on allele frequencies within the population using GenAlEx v6.5 (Peakall and Smouse 2006) . Population-wide estimates of genetic diversity, including allele frequencies, MAF, observed heterozygosity (H o ), gene diversity (Nei's D) , and the informativeness of the SNP, based on polymorphic information content (PIC) value, were calculated using PowerMarker v3.25 (Liu and Muse 2005) . The genetic architecture was analyzed using STRUCTURE software (Pritchard et al. 2000) . The genotypes were treated as an admixture population in this Bayesian clustering analysis. Five independent simulations were conducted with 100 000 iterations for the burn-in phase and 1 000 000 iterations for the data collection phase. The highest value of Delta K (⌬K), representing the most significant estimated subpopulation number (Evanno et al. 2005) , was estimated using SCRIPT as described in STRUCTURE HARVESTER (Earl and vonHoldt 2012) . The amount of LD was estimated using TASSEL software (Bradbury et al. 2007 ). LD coefficient (r 2 ) was plotted against distance (bp), using the LOESS procedure in SAS v9.3 (SAS Institute, Cary, N.C.). Based fitting curves were used to infer the decay of LD as described in Breseghello and Sorrells (2006) and Maccaferri et al. (2011) . The 95th percentile of the distribution of unlinked markers (markers on different chromosomes) was used to set the critical r 2 value.
As part of the GWS analysis, we used a kinship (K) that accounts for relatedness among individual accessions. The K matrix was derived using SPAGeDi software (Hardy and Vekemans, 2002) with the distance estimation of Loiselle et al. (1995) . To infer the evolutionary relationship among accessions, we constructed a neighbor-joining dendrogram tree (NJTree) based on Nei (1972) standard genetic distance and 10 000 individual bootstraps using Populations software v1.2.30 (Langella 1999) . Principal coordinate analysis (PCoA) was done using GenAlEx v6.5 Smouse 2006, 2012) .
Phenotyping and data analysis
Grain yield was measured on plot basis then converted to kilograms per hectare (kg/ha). Thousand-seed weight was determined by counting 250 seeds (at 12% moisture content) using an electronic seed counter (Seedburo Equipment Co., Chicago, Ill.) and a convertible electronic computerized balance. Note: ***, significant at P < 0.001; *, significant at P < 0.05; ns, not significant.
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Iron and zinc concentrations in the seed were measured as milligrams per kilogram (ppm). Ten grams of dry chickpea seed samples (the average moisture content in the seed was 5.3%) were ground into fine powder (<0.5 mm sieve). One gram of the powder was separated and put in a digestion tube (30 mL) in a Vulcan 84 (Questron Technology Corporation, Ont.) automatic digester. Every run consisted of 84 tubes, including four blanks and four standards (CDC Gold, zero tannin lentil). Samples were digested in 6 mL nitric acid (HNO 3 ) for 35 min before heating in a heating block at 90°C for 75 min. Then, 3 mL of 30% hydrogen peroxide (H 2 O 2 ) was added and the solution was vortexed for 2 min. In 30 min, when the bubbling sounds faded, 3 mL of 6 mol/L HCl was added to vessels, heated for 5 min, then cooled for 45 min. Samples were then diluted with double-distilled water and adjusted to a volume of 25 mL.
A total of 5.6 mL of solution was used to analyze the iron and zinc concentrations. Sample aerosol was mixed with acetylene and additional oxidant in the mixing chamber before it exited through the burner slit. Iron and zinc were analyzed using an atomic absorption spectrophotometer (Nova300, Analytic Jena AG, Germany), based on the absorption of optical radiation (light) by free atom S in the gaseous state. Sodium tetrahydroborate (NaBH 4 ) was used as reactant, reacting with acid sample solutions; gaseous metal hydrides were formed with the metal ions.
Analysis of variance (ANOVA) for iron and zinc concentrations of each dataset was performed using a mixed-effect model in SAS V9.3. Iron and zinc concentrations were considered as dependent variables. Genotypes, locations, and years were fixed effects, while replications were considered as random effects. Test of equality of variances (Levene's test) was performed for each station-year, combined locations, and combined years. If the resulting P value of Levene's test was less than a critical value (typically at 0.05), the obtained differences in sample variances were unlikely to have occurred based on random sampling from a population with equal variances, thus the dataset was excluded from further analysis. Least square means were calculated across datasets for each trait and used for the association analyses.
Association analyses
TASSEL (Bradbury et al. 2007 ) was used to test the marker-trait association between the SNP markers and each of the iron and zinc concentrations. Mixed linear model (MLM) has proven useful in controlling for population structure and relatedness within genomewide association studies. In the MLM, population structure is considered as a fixed effect, whereas kinship among individuals is incorporated as the variance-covariance structure of the random effect for the individuals (Zhang et al. 2010; Yu et al 2004; Zhu et al. 2002) . Significant association between a marker and phenotypic trait was declared at P ≤ 0.01, presented in Manhattan plots. Quantilequantile (Q-Q) of the observed and expected P values were plotted to assess the adequacy of a fitted normal straight line to the markers. The final association analysis was done using 398 SNPs that have MAF ≥ 5%. Significant thresholds were corrected to 99.5% of the corresponding eigenvalues for the variation for SNP data to deal with the problem of multiple testing corrections.
Results and discussion
Genetic diversity
The total number of readily scorable markers in the population was 1186 out of 1536 SNP markers, the remaining 350 SNPs were omitted from further analysis due to being either monomorphic or failed assays. The 1186 SNPs were aligned to the chickpea genome assembly (Varshney et al. 2013) , of which 1129 SNPs were aligned within the existing chromosomes and 57 SNPs were in the backbones. All 1129 SNPs used in this study were distributed relatively evenly across the chromosomes (Table 1) , thus the SNPs were considered suitable for a genome-wide association study. The number of markers per chromosome ranged from 50 SNPs on chromosome 5 (chr5) to 363 SNPs on chr4, with an average of 141 SNPs per chromosome. The PIC values ranged from 0.24 to 0.31 across chromosomes with an average of 0.28. The average observed heterozygosity (H o ) was 5%.
Population structure was analyzed to gain insight into the genetic diversity across the population. Results of structure analysis using the set of SNPs with MAF ≥ 5% indicated that K = 3 provides the best support for describing the existence of distinct clusters in our association panel (Fig. 1A) . With the threshold probability of >0.50 to fitting one of the clusters (Chao et al. 2007; Breseghello and Sorrells 2006) , the analysis indicated that 92 of the 94 accessions within the population clustered in three subpopulations, and two accessions (GPE094 and 512-51) were considered intermixed subpopulations. The first (red color) and second (green color) subpopulations consist of the kabuli accessions and the third (blue colour) contains desi accessions (Fig. 1) .
PCoA and dendrogram tree analyses were largely consistent with the STRUCTURE result. PCoA showed the distinct separation of most desi accessions from the kabuli accessions (Fig. 1B) . Figure 1C illustrates the NJTree, based on Nei (1972) genetic distance, which was constructed to support the population structure. Kujur et al. (2013) reported that the distinct divergence of seed type in chickpea might have happened during domestication, which is consistent with this distinct genetic separation. We found two accessions, 512-51 and GPE094, that although they were visually categorized as desi types were included in the kabuli cluster as shown in the STUCTURE, PcoA, and NJTree analyses. Based on (E) Quantile-quantile plots of iron concentration in all four datasets for the tested model. The dashed line indicates the significance threshold at P < 0.001; the solid line indicates significance threshold based on the multiple testing correction method of Gao et al. (2008) . their pedigree, both accessions had kabuli in their background. Accession 512-51 was derived from parents 95168-64 (kabuli) × CDC Anna (desi), while GPE094 was derived from (E100Ym × 272-2) × (E100Ym × 298T-9), where E100Ym is a kabuli genotype.
The rate of LD decay is critical for marker-trait association analysis. Rate of mutation, population selection, mating patterns, genetic drift, and migration affects the decay (Flint-Garcia et al. 2003; Xu et al. 2011) . Syntenic r 2 against the distance was used to plot the LD decay of the population (Fig. 2) . The least of a 95th percentile in the distribution of the estimated LD of unlinked loci (r 2 ) was 0.48. This value was used to estimate the extent of LD across the genome according to Breseghello and Sorrells (2006) . On each chromosome, the intersection of the LOESS fitting curve at this critical LD threshold starts to decay after a few megabases (Mb), about 1.5 Mb on chr3, 7 and 2 Mb on chr4 and chr6, respectively (Fig. 2) , but no decay was detected on chr1, chr2, chr5, and chr8. Although the LD decay values found in this analysis were considered high, the relatively low number of loci on few chromosomes used in the analysis may have overestimated the LD decay values. The situation likely resulted from the fact that chickpea has experienced less intensive recombination and contains fewer rare alleles compared to other species such as maize with 10-100 kb of average decline of LD distance (Lu et al. 2011) .
Phenotypic variability
There were significant interactions between genotype and environment (location and year) for both iron and zinc concentrations (P < 0.001; Table 2 ), so further analyses were conducted by individual site-year. Despite the large environmental effect, there were highly significant differences among the genotypes at all site years (P < 0.001; Table 2 ). Iron and zinc concentrations were higher at Elrose than at Moose Jaw. At Elrose, both iron and zinc concentrations were higher in 2011 than in 2012 (Table 3 ). In general iron and zinc concentrations in the seeds were negatively correlated with grain yield; whereas their correlations with 100 seed weight were mostly not significant. The correlation of seed zinc concentration with grain yield was significant at each location and year (Table 3) . Recently, Norton et al. (2014) reported the significant effects of location and year for grain micronutrient concentrations in rice, and only 40% of the estimated phenotypic variability in zinc concentration in rice seeds was due to genotypes, the rest were environmental effects. Ray et al. (2014) that the environment significantly affected the mineral micronutrient content of cultivars of field pea, chickpea, common bean, and lentil grown in Saskatchewan, Canada. Reports by Chandel et al. (2010) and Suwarto (2011) also showed that grain zinc concentration is highly dependent on the soil properties, while iron concentration was significantly affected by genotype and environment interaction.
Several accessions with high iron and high zinc concentrations were identified in this research. Five chickpea accessions accumulated the highest concentration for both iron and zinc, three (CDC Verano, ILC 2555, and FLIP85-1C) of which were kabuli type with an average of 60.1, 59.2, and 58.8 ppm, respectively, for iron concentration and 48.3, 44.6, and 42.6 ppm, respectively, for zinc concentration. Two desi type accessions, FLIP97-677C and FLIP84-48C, also had higher zinc concentration, with an average of 42 and 41 ppm, respectively, but the concentrations were only moderate in iron (52.4 ppm).
Association mapping
The analysis was done to examine the association of the existing SNP polymorphisms with the variations in iron and zinc concentrations in the seeds of the panel genotypes. Eight SNP loci were found to be significantly associated with the seed iron and zinc concentrations in the population (Table 4) . On chr1, only one SNP was found to be significantly associated with both traits iron and zinc concentrations (Cav1sc19.1p1556596). On chr4, three SNPs were associated with zinc concentration (Cav1sc25.1p2052607, Cav1sc25.1p1987616, and Cav1sc25.1p1947783); two other SNPs were associated with iron concentration (Cav1sc25.1p2526411, Cav1sc25.1p2521450). On chr6, one SNP was associated with iron concentration (Cav1sc147.1p592256) and on chr7 another SNP was associated with zinc concentration (Cav1sc22.1p552905) (Figs. 3  and 4) . The independency of the identified significant associations was tested by plotting the LD parameters, r 2 and P value. This test determined the strength of the LD among the significant SNPs in chr1, chr4, chr6, and chr7 (Fig. 5) . We observed that there are no significant LD (r 2 = 1) among the following SNP loci: Cav1sc25.1p2052607, Cav1sc25.1p2526411, Cav1sc25.1p2521450, and Cav1sc25.1p1987616, and Cav1sc25.1p1947783 on chr4 at the interval of 0.47-4.57 Mb in physical distance, suggesting that these markers were probably located within the same scaffold; therefore, their effects are not independent. If this scenario is true, the total number of the associated SNP loci is reduced to only four independent loci. Two SNPs, Cav1sc19.1p1556596 on chr1 and Cav1sc25.1p2052607 on chr4, were independent markers associated with both iron and zinc concentrations. These are in addition to one each on chr6 (Cav1sc147.1p592256 associated with iron concentration) and chr7 (Cav1sc22.1p552905 associated with zinc concentration).
A correlation between iron and zinc concentrations in seeds has previously been reported in rice (Sperotto et al. 2010 ) and wheat (Cakmak et al. 2004; Morgounov et al. 2007 ). However, Saunders et al. (2014) explained that the nature of the underlying genetic mechanism of marker and trait resulted from AM analysis is often not clear, so re-sequencing of loci from larger numbers of samples would be needed to explain the mechanism of the correlated variation.
The significant association between a SNP marker locus and a trait could be the result from the SNP within the gene, or the marker is tightly linked to the gene or gene complex involved in determining micronutrient concentration; however, our scanning of potential genes in which these SNPs reside did not reveal any genes that have previously been implicated in mineral uptake, transport, or accumulation.
In conclusion, this study demonstrated that a wide variation exists in the current chickpea germplasm for seed iron and zinc concentrations. The association analysis successfully identified and tagged SNP loci associated with seed iron and zinc concentrations. Genome-wide association analysis that is based on historic recombination that occurred in natural populations over generations rather than recombination between the progenies of two parents has greater likelihood of discovering novel alleles contributing to variability. Identifying such variability and introgressing it into high-yielding lines will be a key to long-term chickpea breeding for improved micronutrient concentrations in seeds.
